The K-means clustering algorithm is used to reduce Earth topography resolution for the SMAP mission ground tracks. As SMAP propagates in orbit, knowledge of the radar antenna footprints on Earth is required for the antenna misalignment calibration. Each antenna footprint contains a latitude and longitude location pair on the Earth surface. There are 400 pairs in one data set for the calibration model. It is computationally expensive to calculate corresponding Earth elevation for these data pairs. Thus, the antenna footprint resolution is reduced. Similar topographical data pairs are grouped together with the K-means clustering algorithm. The resolution is reduced to the mean of each topographical cluster called the cluster centroid. The corresponding Earth elevation for each cluster centroid is assigned to the entire group. Results show that 400 data points are reduced to 60 while still maintaining algorithm performance and computational efficiency. In this work, sensitivity analysis is also performed to show a trade-off between algorithm performance versus computational efficiency as the number of cluster centroids and algorithm iterations are increased. 
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I. SMAP Mission Introduction
The Soil Moisture Active Passive (SMAP) is a NASA-JPL mission whose primary purpose is to map the upper soil moisture content on Earth and its freeze/thaw state [1] . This satellite observatory is launched in a near-polar, sun-synchronous orbit. The mission is in post-CDR phase and will be launched in late 2014. SMAP will return valuable science information for a * Dynamics & Control Engineer, Guidance & Control Systems Engineering Group, Guidance and Control Section, Autonomous Systems Division. Mail Stop 230-104, 4800 Oak Grove Drive, Pasadena, CA, 91109, USA. Farheen.Rizvi@jpl.nasa.gov period of three years. Scientific information returned from SMAP helps improve weather, climate forecast, flood prediction and drought monitoring capability. An artist's rendition for the fully deployed observatory in the Earth orbit is shown in Figure 1 .
Figure 1: SMAP Concept
SMAP consists of an L-band radar and L-band radiometer. These share a 6-meter aperture rotating reflector antenna that scans a wide 1000-km swath as the observatory orbits the Earth. The radiometer provides passive measurements of the microwave emission from the upper soil (spatial resolution: 40 km). This radiometer is less sensitive than the radar to the surface roughness and vegetation effects. The radar makes active measurements from the reflected signal (spatial resolution: 3 km). Both of the instruments are needed because the combined data provide greater accuracy and spatial resolution in the upper 5 cm soil than an individual instrument. With these instruments, near-global coverage is made every three days.
II. SMAP Antenna Misalignment Calibration
A radar antenna mounted on the spacecraft bus is the main instrument to study soil moisture content.
Figure 5: SMAP Ground Track from One Orbit
The misalignment estimate is obtained by processing the data in intervals over the SMAP ground track. There are 42 batch intervals (one interval = 142 sec.) in one SMAP orbit, yielding 42 calibration estimates. A total of 1800 calibration estimates are obtained from the available three days of data collection (in three days SMAP propagates 45 orbits). These calibration estimates are averaged to yield the best misalignment calibration result. For every processed batch interval of 142 sec., the Earth elevation corresponding to the ground track is needed.
The Earth shape/elevation data is obtained from the Shuttle Radar Topography Mission (SRTM) returned science data. This mission generated high-resolution elevation data for the Earth surface on a near-global scale.
‡ Figure 6 shows the mapped Earth topography where elevation data is available.
Figure 6: Mapped Earth Topography by SRTM Mission Where Earth Elevation Data is Available
From Figure 6 , SRTM gives elevation data coverage for |latitude| < 60°. A valid misalignment calibration estimate can be obtained when SMAP ground track falls over these areas on Earth.
V. K-Means Clustering
The objective of K-means clustering algorithm is to group similar data sets into one group (called a cluster). In this application, the high resolution antenna footprints on Earth is reduced by grouping similar Earth topography areas into one average ground topography point. The concept of the K-means clustering algorithm is illustrated below.
Figure 7: K-Means Clustering Concept
In Figure 7 , each point represents an antenna footprint on the Earth surface. Pictorially, there are five clusters into which the antenna footprints can be grouped together. Without the clusters, this piece of Earth topography is represented by 15 antenna footprints. Thus, Earth topography elevation is required to be computed for 15 data points. The K-means clustering algorithm groups these 15 points into five clusters such that the average of each cluster is the best representation of all the data points for this Earth topography. This average of each cluster is called the cluster centroid. Now, only five Earth topography elevation computations are required to process this batch of antenna footprints. Instead of obtaining 15 different elevations, five elevation values are obtained and each cluster is assigned the same elevation value that corresponds with the cluster centroid elevation. In this example, the antenna footprint resolution was reduced from 15 data points to processing only five. These five cluster centroids are selected via the K-means clustering algorithm such that they become the best representation of all 15. The details of K-means clustering algorithm are given next [2] .
Figure 8: K-Means Clustering Algorithm
In the K-means clustering algorithm, the antenna footprint constitutes the data set. This includes the latitude and longitude pairs from the SMAP ground track. The number of cluster centroids is user-defined input that determines resolution for the ground track Earth topography. The initial cluster centroids are randomly selected from the available data set. The algorithm assigns all the data points to the closest centroid, and then recomputes the cluster centroids. After a few iterations, the final cluster centroids represent the reduced Earth topographical data for the ground tracks. Each latitude and longitude pair in the antenna footprint data set is assigned to the These latitude/longitude pairs are provided to the SRTM elevation model to yield the corresponding height over Earth (third subplot, blue line). The rotating radar antenna creates helical footprints on the Earth surface. In each batch, there are 400 data points and it takes ~1 hour to process. During flight testing phase, many batches are analyzed and with this current simulation time it will requires many hours/days of processing making the calibration process inefficient. The simulation time should be reduced. In order to reduce the simulation run time, these latitude/longitude pairs are clustered into similar topographical locations on Earth, and the average of each cluster is used instead. The K-means clustering technique is used to group similar pairs together as shown in Figure 10 . Figure 10 shows one iteration of the K-means clustering algorithm over one batch interval containing 400 latitude/longitude pairs ( Figure 9 ). The pairs are grouped into four different clusters. The average of each cluster is called a centroid. Initial centroids are selected via a random process (indicated by green dots). As the K-means clustering algorithm processes the data, the pairs are assigned to the corresponding cluster centroid that lies closest to them. At the end, all the pairs are assigned to a cluster and indicated by different color in the figure. The clusters are averaged and new cluster centroids are defined, indicated by black dots. The entire process is repeated for another iteration until formed clusters show stability. The third subplot in Figure 10 shows which parts on Earth each cluster comprises. Similar topographical points are grouped into one color. In the misalignment calibration simulation, the average of each color represents the topographical location for all the data points contained in the corresponding cluster. This mean location from each cluster is used to obtain the elevation estimate for the entire cluster. In this case presented above (Figure 10 ), these 400 points are reduced to four data points represented by the black dots. As a visual aid, only four clusters are selected. Next, a sensitivity analysis is performed to show how the K-means clustering algorithm performance is affected as the number of cluster centroids are increased.
Figure 10: Grouping Similar Topographical Locations Together Using K-Means Clustering

Figure 11: K-means Clustering Algorithm Performance vs. Number of Cluster Centroids
There is an exponential decay in the cost function as the number of cluster centroids increases. This means that the K-means clustering algorithm performance increases exponentially with increasing number of cluster centroids. Increasing number of cluster centroids is computationally expensive but improves the algorithm performance. Thus, while chosing the number of cluster centroids, there has to be a trade-off between making the algorithm computationally efficient yet maintaining the algorithm performance. From this plot, using 60 cluster centroids is ideal because increasing the centroids further does not increase performance greatly (60+ curve has flattened) and less than 60 deteriorates the algorithm performance exponentially. The algorithm performance is also affected by the number of iterations used. The number of iterations move the location of the final cluster centroids and as the number of iterations increase, the final cluster centroids start settling at the best location possible for the given Earth topographical data set. The sensitivity analysis of how the algorithm performance improves as number of iterations increase is shown next. In order for the K-means algorithm to perform well, a good initial guess for the cluster centroids is required (input parameter in Figure 8) . In other words, the convergence of this technique is dependent upon a good initial guess for the cluster centroids. Next, the effect of the initial guess upon the algorithm performance is observed. So far, there has been a random selection of the initial cluster centroids. It is analyzed whether random initial selection is the best approach.
Figure 13: Effect of Initial Guess Selection on Algorithm Performance
From Figure 13 , the cost function is least for a random selection of cluster centroids as opposed to pre-selected initial cluster sets. This means that randomly initializing the cluster centroids is the best approach that offers the best algorithm performance.
VII. Conclusion
This work presents an interesting application of the K-means clustering algorithm that is implemented on an actual spacecraft flight project. Soil Moisture Active Passive (SMAP) spacecraft uses radar/radiometer instruments to map the soil moisture content on Earth. The rotating reflector antenna analyzes the soil moisture from the reflected Earth signals. In order to process the science data return from the reflected signals, the antenna misalignment has to be calibrated. The antenna calibration requires knowledge of the antenna ground tracks on Earth and corresponding Earth elevation. Due to the heavy resolution for the antenna ground tracks, the antenna calibration algorithm is computationally expensive. For this reason, the resolution of the antenna ground tracks has to be reduced.
The K-means clustering algorithm is able to reduce the Earth topographical data from the antenna ground tracks. This makes the antenna calibration process less computationally expensive. Each antenna calibration data set contains 400 latitude/longitude pairs, which are reduced to 60 with the K-means algorithm. It is found that 60 pairs can capture the Earth topographical content from the ground tracks while maintaining both the algorithm performance and computational efficiency. In addition, five K-means clustering algorithm iterations produce the best 60 latitude/longitude pairs that represent the entire antenna footprint data set. Finally, the best approach is to randomly initialize the 60 latitude/longitude pairs that settle into the 60 best pairs after five K-means clustering algorithm iterations.
